Due to the chronic nature of diabetes, patient selfcare factors play an important role in any treatment plan. In order to understand the behaviour of patients in response to medical advice on self-care, clinicians often conduct crosssectional surveys. When analysing the survey data, statistical machine learning methods can potentially provide additional insight into the data either through deeper understanding of the patterns present or making information available to clinicians in an intuitive manner. In this study, we use self-organising maps (SOMs) to visualise the responses of patients who share similar responses to survey questions, with the goal of helping clinicians understand how patients are managing their treatment and where action should be taken. The principle behavioural patterns revealed through this are that: patients who take the correct dose of insulin also tend to take their injections at the correct time, patients who eat on time also tend to correctly manage their food portions and patients who check their blood glucose with a monitor also tend to adjust their insulin dosage and carry snacks to counter low blood glucose. The identification of these positive behavioural patterns can also help to inform treatment by exploiting their negative corollaries.
I. INTRODUCTION
The incidence of diabetes is a growing health problem worldwide. Caused by the presence of excess glucose within the blood, diabetes comes in two main types: type 1, where destruction of pancreatic beta cells leaves the body unable to produce enough insulin, and the more prevalent type 2, where the body is incapable of producing enough insulin due to insulin resistance. Complications concomitant with diabetes include retinopathy, nephropathy, neuropathy, stroke and myocardial infarction amongst others [1] . In the case of type 1 diabetics, it is necessary for patients to carefully monitor and manage their own insulin levels by monitoring their food intake and timing of meals, usually with accompanying insulin therapy administered via subcutaneous injections or an insulin pump. Due to the importance of these self-care factors, understanding how and why patients follow medical advice concerning diabetes self-care can improve the ability of clinicians to manage their patients. In this study, we consider the results of a survey collected to assess the self-care behaviours of diabetic patients, and attempt to identify and understand patients with similar patterns of self-care behaviour.
Health care survey data contains a wealth of information about patient behaviours. As it is usually heterogeneous and contains missing values, applying traditional statistical methods may give clinicians an oversimplified view of the data. Therefore, statistical machine learning tools, such as self organising maps (SOMs), can be utilised for performing data analysis. In the case of SOMs, clustered responses in the higher dimensional input space are mapped into a 2-dimensional grid for visualisation. SOMs can therefore be used to visually explore datasets and mine correlations within them.
Previously, SOMs have been used to visually explore financial [2] , gene expression [3] , linguistics [4] and medical survey [5] datasets. Toronen et al. [6] used SOMs to analyse yeast gene expression data, and demonstrated its suitability for analysing and visualising gene expression profiles. Mehmood et al. [7] found correlations between countries and nutrition, health and lifestyle using SOM analysis, while Tirunagari et al. [8] used SOM analysis to correlate causal factors associated with different types of maritime accidents. It has also been shown that SOMs can be used to identify co-morbidities, link self-care factors that are dependent on each other and to visualise individual patient profiles in clinically useful ways, e.g. by giving a visual summary of individual patient profiles and enabling patients to be grouped together [5] . SOMs are therefore a potentially valuable tool for visually analysing high-dimensional medical questionnaire responses, as well as a means to visually summarise an individual patient's data.
The main objectives of this study are two-fold. Firstly, from the computational perspective, to examine the feasibility of using SOMs as a means of extracting useful information from medial surveys. Secondly, from the scientific perspective, we would like to understand if the responses collected from the survey are reasonable and correspond to what clinicians would expect, for example by determining how the behaviours of patients group them together and how self-care factors are correlated.
Our contributions can thus be summarised as follows:
• Visualisation of diabetic self-care patient behaviours from medical survey data. Although SOMs have been widely used in exploring survey 978-1-5090-4240-1/16/$31.00 ©2016 IEEE data, their use in visualising similar patient profiles is rarely discussed. We therefore explore the capabilities of SOMs to visualise patient profiles from survey data in a manner that is easy to interpret.
• Clinical understanding. We will explore the ability of visual analytics provided by SOMs to enhance experts' understanding of the impact of self-care behaviours in patients.
The organisation of the paper is as follows: In section II, we present the survey dataset. In section III, we present the SOM methodology. Experiments and results are discussed in section IV, including data preprocessing and imputation. Finally, in section V, we discuss the conclusions that can be drawn from the results.
II. DATASET
The survey consists of 611 patients' responses to 15 questions on self-care factors across four categories as shown in Table I . Blood glucose: Regular monitoring of blood glucose levels is essential in any treatment plan for type 1 diabetics. Without this the patient will be unaware of any sudden spikes or drops in blood glucose, or how well their treatment plan is succeeding in managing their glucose levels. Insulin: Insulin is necessary for the body to effectively remove glucose from the blood. As type 1 diabetics produce insufficient insulin, they must usually supplement their lifestyle-based management of the disease with injections or an insulin pump. For those patients injecting insulin, taking the correct dose at the correct time, and modifying the dose appropriately, is necessary to ensure their blood glucose is managed adequately. Lifestyle: Careful control of diet is one aspect of lifestylebased management of diabetes. For a patient, this involves not only eating the correct foods in the correct amounts, but also ensuring that a regimented schedule of meal times is followed accurately. Physical activity is the second aspect involved in managing diabetes via lifestyle choices. Exercise is beneficial for maintaining a healthy weight, thereby reducing the chance of complications, and helps control blood glucose levels by causing glucose to leave the blood due to the increased rate of respiration. Administrative: Attending clinic appointments is important for evaluating and updating a patient's treatment plan, and heading off the development of complications. Items like medic alert bracelets, while not used to control blood glucose, ensures that medics will be aware of a patient's diabetes, and is another measure of how conscientious they are in following their treatment plan.
The responses for the self-care behaviours are required to be one of the following: 1) Never, 2) Rarely, 3) Sometimes, 4) Usually and 5) Always.
A. Data Preprocessing
The processing of the data included the conversion of free text (yes, no, always, usually, sometimes, rarely, never, etc.), missing values (flagged as Not-a-Number, NaN) and Not Applicable (NA) answers into categorical numerical values. NA answers were scored as a 0, while free text values were mapped to one of the five answer categories and then scored such that always, often, sometimes, rarely and never were set to 5, 4, 3, 2 and 1 respectively. K-nearest neighbour based imputation (via Matlab's 'knnimpute(Data)') was used to replace NaN answers with an appropriate value. This was done by finding the patient nearest to the one with the missing value (using Euclidean distance), and replacing the missing value with that of the nearest neighbour. If the corresponding value from the nearest neighbour was also NaN, then the second nearest neighbour was considered. 
B. Data Demographics
Participants in the survey were required to be at least eighteen years of age, with the eldest participants being over eighty. Respondents ages are evenly distributed from the midtwenties through to approximately seventy years of age, with few patients outside this range ( Figure 1 ). From Table II , we can see that the survey respondents are highly imbalanced in terms of their ethnicity, marital and employment status. Particularly in the case of ethnicity, where British respondents constitute 91.33% of the cohort. Males constituted 45% of the survey population and females 55%. The most common employment status was full time employment (48.45%) and the least unemployed (3.11%). Modern professional occupations (23.4%) and clerical and intermediate occupations (19.64%) were the most common professions (Table III) . The majority of the patients surveyed responded that the symptoms of hypoglycemia occurred at blood glucose levels of greater than or equal to 3.0mmol/L (Table IV) . The percentage of respondents that are aware of hypoglycemia commencing was over half, with 51.88% of patients being aware. 
III. SELF-ORGANISING MAPS
A SOM, also known as Kohonen map, is an unsupervised artificial neural network technique used to produce a low dimensional representation of a high dimensional input space. This process of reducing the dimensionality of the data is based on a data compression technique known as vector quantisation. In addition, the high to low dimensional mapping is found such that any topological relationships within the high dimensional space are preserved after mapping to the low dimensional one. SOMs are therefore useful for visualising large high dimensional datasets. Rather than using error-correction in the manner of most neural networks (e.g. back-propagation with gradient descent), SOMs employ a competitive learning approach in which only one neuron wins at each training phase. Additionally, there are no intra-layer connections in either the input or output layers, however the neurons in the output layer do communicate with each other via a neighbourhood function, with the winning neuron in a training phase influencing its neighbours.
Consider the input vector
The synaptic weight vector of the neuron i in the 2-dimensional output layer of neurons is
where m is the number of output neurons and w v i is the weight associated with neuron i and variable v. Although, the output neurons are arranged in a 2-dimensional array, their weight vectors are n-dimensional, i.e. they have the same number of dimensions as the input vector x. The Euclidean distance x− w i 2 of the current input vector x to all the weight vectors w i , i = 1, 2, . . . , m is computed. The winning neuron is one whose weight vector w q has the minimum Euclidean distance to x, i.e.,
The weight vectors of the winning neuron and the neurons in its predefined neighbourhood η q are updated using gradient descent, leading to the following update rule:
Neurons outside the neighbourhood are not updated, i.e η q (k) = 0, and neurons inside the neighbourhood η q are updated using equation (5):
The learning parameter µ(k), with 0 < µ(k) < 1, is inversely proportional to the number of training iterations performed, and therefore decreases as the number of iterations increases. The learning process consists of an ordering, or rough training, phase and a convergence, or fine tuning, phase. In the ordering phase, the topological ordering of the weight vectors is performed. The learning parameter µ(k) is set close to unity. In the convergence phase, the self-organising map is fine-tuned. This is achieved by setting the learning parameters µ(k) on the order of 0.01. The stopping criterion for the SOM algorithm is based on a specified number of iterations or minimum level of change in the weight vectors.
IV. EXPERIMENTS AND RESULTS
Respondent behaviours were analysed around the four areas covered by the survey: managing blood glucose, insulin intake, lifestyle and administrative. In order to investigate the relationships between self-care factors, the correlations between them were first computed on the data matrix (611×15) of patient responses. The correlations found, after discarding weaker correlations (those less than 0.3), can be seen in Figure 2 . In addition to analysing the correlations, the 611 patients' responses to the 15 survey questions were given as input to a SOM training algorithm 1 . The resultant Umatrix ( Figure 3 ) shows the results of clustering the self-care factors, with the distance between neurons indicated through their colour. Areas of dark blue indicate similar neurons, while lighter colours indicate reduced similarity and demarcate cluster boundaries. Representing the SOM via the U-matrix can therefore provide an intuitively appealing way to gain insight into the distribution of the self-care factors. In Figure 3 , the U-matrix is clearly divided into fifteen clusters, each of which represents a self-care factor. The clustering seen in the U-matrix shows strong agreement with the correlations seen in Figure 2 . For example, correlations can be seen between taking the correct dose of insulin (TCD-Insulin) and taking insulin at the correct time (TI-Time), eating the correct food portions (EC-Food Portions) and eating meals at the correct time (Eat-Timely), and between carrying quick acting sugars to treat low blood glucose (Carry-Sugar) and coming in for clinical appointments (Clin-Appoint). These correlations can be seen to hold in the U-matrix, with the clusters corresponding to each correlated pair being close together.
The output of the SOM can also be analysed using a component plane representation in order to analyse each selfcare factor individually. A component plane view of the SOM can be thought of as a sliced version of the SOM with each plane containing the relative distribution of one self-care factor. By comparing component planes it is possible to see whether two components (self-care factors) correlate, with visually similar component planes indicating a correlation between their self-care factors. For example, in the components for taking the correct dose of insulin and taking insulin at the correct time are visually similar, and therefore correlate with one another (Figure 4) .
A. Blood glucose
From Figure 4 , we can see that the vast majority of respondents (more than 90%) are usually or always checking 1 http://www.cis.hut.fi/projects/somtoolbox/ their blood glucose levels, with over 50% keeping a record of their glucose results. However, more than 90% of respondents are not checking ketones when their blood glucose is high, potentially putting them at risk of diabetic ketoacidosis. There is therefore likely scope for further education of the risks posed by elevated blood sugar levels, especially with regards to the danger of elevated ketone levels.
B. Insulin
Approximately 50% of patients can be seen to usually or always take the correct dose of insulin, with similar numbers taking insulin at the right time. Amongst those patients that do take the correct dose of insulin, the majority of them tend to also take their insulin at the correct time. Even though a sizeable fraction of respondents are only sometimes taking the correct dose of insulin, respondents were in general much better about adjusting their insulin dosages based on glucose levels, food and exercise.
C. Lifestyle
With the exception of exercise, patients tend to be conscientious when it comes to lifestyle-based management of their disease. The vast majority of patients carry quick acting snacks for periods of low blood sugar, and most patients usually or always read food labels, eat the correct portions of food and eat meals at the correct time. However, the more laborious diet-based self-care factors, treating with the right amount of carbohydrate and keeping food records, are poorly adhered to. In particular, keeping food records was the activity that the respondents did least frequently.
D. Administrative
Approximately 98% of respondents always attend their clinical appointments, with similar response patterns to those patients that monitor their blood glucose and carry snacks to treat low blood sugar. However, very few people wear a medic alert ID more than sometimes.
V. CONCLUSIONS AND DISCUSSIONS
This study demonstrates the capabilities of SOMs when attempting to infer useful information from survey data. In particular, when trying to understand the correlations between patient behaviours in an intuitive manner. For example, groupings of patients can be seen to be more or less conscientious in following their self-care treatments based on their answers to a few answers from the survey. Those patients who infrequently monitor their blood glucose, come in for clinic appointments and carry snacks to treat low blood glucose are also likely to respond 'Never' or 'Rarely' to the other questions. Clinicians can therefore potentially identify these patients as those in most need of greater intervention in their treatment, even in the absence of comprehensive answers to the other questions. Similarly, behavioural patterns leading to checking ketones, wearing a medic alert ID and keeping food records are poorly correlated with the others and extremely frequent. While these may be undesirable behaviours from a medical perspective, they do not provide much information as to a patients overall level of engagement with their self-care. Finally, although patients indicate that they are conscientious about adjusting their insulin levels, they are less good about taking the correct dose of insulin. Given the similarity between respondents who are likely to adjust their insulin dosage and those that monitor their blood sugar levels, the high rate of insulin dosage adjustment could be due to a greater awareness of their blood sugar levels on the part of the patients. However, given that reliability with which patients are taking the correct dose, it is possible that the adjustments made are not always correct.
Obtaining a better understanding of the patterns of behaviour that patients exhibit potentially presents clinicians with the opportunity to intervene in a patient's treatment, through lifestyle or medication adjustments, before they would otherwise have been able to identify the need. This is of particular benefit in situations where medical provision is scarce or costly, such as in less affluent areas and those without national health care [9] . Therefore, tools that enhance clinicians' abilities to identify potentially detrimental behavioural patterns before they cause a deterioration in health can be used to guide early intervention plans, thereby reducing the burden on resources through a decrease in the need for costly or emergency treatment. Fig. 4 . Component plane representation of the SOM trained using patient survey responses. Patients are grouped according to the ratings given for each self-care factor, and each neuron is assigned a colour based on the grouped patients' responses, with a score of 5 (equivalent to a response of 'Always') corresponding to orange and the lowest score for the question corresponding to blue.
